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Abstract. Functionality and cosmetics are two concerns for future hand prosthesis development and they both can be improved 
by a combination with artificial soft materials which can mimic human skin. To bridge the gap between the human and artificial 
side, it is essential to have a comprehensive understanding of the human skin’s biomechanics, especially the fingertip’s haptics-
related mechanism. Available studies characterise the mechanical behaviour of human fingertip only by deterministic models 
based on either statistical data analysis or fingertip structure/viscoelasticity analysis. To take the force uncertainty into consid-
eration, this paper proposes a novel probability-based haptics model, which includes two parts: a force prediction model to obtain 
the most possible contact force according to the indentation depth, and a probabilistic model based on Gaussian distribution to 
describe the force uncertainty. Experiments were conducted by pressing subjects’ index fingertips against a cone-shape probe 
with the measurement of the contact force and the indentation depth under a wide range of 0~5 mm. Four types of non-linear 
regression models and the Gaussian distribution model are applied for model training and validation. Experiment results reveal 
that the contact force varying with the indentation depth presents the characteristics of non-linearity, dispersion, and individual 
difference. Model testing results confirm the effectiveness of the haptics model on force prediction and force uncertainty de-
scription. An example of its application on a virtual hand of a rehabilitation system is demonstrated. 
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1.  Introduction 
Hand manipulation is heavily relied on intuitive hu-
man-object interaction and environment exploration. 
Primary hand-object contacts happen on fingertips and 
are perceived by mechanoreceptors during hand ma-
nipulation [1]. Mechanoreceptors are sensory units 
which distributed in the human skin to detect mechan-
ical stimulations such as the force, vibration and pres-
sure. When an external contact force deforms the sur-
face of a fingertip, it causes a strain distribution in the 
underlying soft tissues and subsequently stimulates 
mechanoreceptors. Then, the mechanoreceptors gen-
erate a sequence of voltage pulses which are transmit-
ted through the peripheral nervous system to the cen-
tral nervous system where the tactile information is 
processed [2]. It can be indicated that the mechanical 
changes of the human fingertip, such as deformation, 
are important for the generation and detection of tactile 
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sensation. Thus, the investigation of the human finger-
tip’s biomechanics may broaden the research perspec-
tives in the field of biomechanical engineering and ro-
botics. Related studies have gained increasing atten-
tion in a broad range of applications, such as tactile 
sensation rehabilitation, artificial fingertip/skin devel-
opment [3], finger model establishment in virtual real-
ity [4] and ergonomic design [5]. A comprehensive un-
derstanding of human fingertip biomechanics is essen-
tial prior to full exploitation of its most potential in 
both clinical and industrial environment. Most existing 
studies concerning neural reaction properties under the 
fingertip skin only conduct experiments under a small 
indentation depth of 0~0.2 mm to 0.8~2.5 mm [6,7], 
while large deformations that may occur in the context 
of hand prostheses were not taken into account. There-
fore, this study aims at achieving a quantitative char-
acterisation of human fingertip’s mechanical behav-
iour for the potential application of tactile rehabilita-
tion in hand prostheses. Experiments in vivo are con-
ducted to measure the force variation under a large 
range of the indentation depth (0~5 mm) on human fin-
gertips. A haptics model based on Gaussian distribu-
tion is proposed to describe the relation between the 
contact force and the skin deformation depth. 
The remaining parts of this paper are organized as 
follows. Section 2 introduces related studies on finger-
tip biomechanics. Section 3 presents the experiment 
settings, data recording and methods of the haptics 
modelling. The establishment of the haptics model is 
demonstrated in Section 4. Section 5 presents a discus-
sion and future work. 
2.  Related work 
Existing studies of the human fingertip’s biome-
chanics and the model establishment mainly aimed at 
the neural reaction properties of the mechanoreceptors 
under the fingertip’s skin by investigating the physical 
response of the human fingertip under various load 
conditions. The final outputs of these studies are math-
ematical models or simulation models targeting at the 
relation between the contact force/pressure and the fin-
gertip skin deformation, despite different experimental 
setups and modelling methods. 
Researchers employed various shape of indenters to 
press the fingertip for the deformation generation and 
retrieval, such as the point load [8], line load [9-11] 
and flat load [7,11,12]. To test multiple indenters may 
help to achieve a comprehensive understanding of the 
fingertip’s biomechanics, because the force-defor-
mation relation may be subject to the conditions of the 
contact surface. In these studies, experimental data 
used for modelling can be categorised into 3 classes, 
including the measurement of force-displacement data 
[13], force-contact area data [14] and pressure-defor-
mation data [15,16].  
Regarding the methods used for the establishment 
of the haptics model, some research, from a structural 
and experiment-based point of view, simplified the hu-
man fingertip as one or multiple layers of membranes 
[9]; while others, in the sight of physical character 
analysis, built physical-mathematical models accord-
ing to the viscoelasticity analysis of the fingertip soft 
tissue. Taking a structure-based model for example, by 
simplifying the fingertip as an incompressible fluid-
filled elastic membrane, Srinivasan proposed a “water-
bed” model which predicted the fingertip deflection 
profile under line loads and the model was validated 
on humans and monkeys in vivo [9]. The model was 
created under many simplifications and assumptions, 
such as neglecting the viscoelastic effects and assum-
ing the membrane to be linearly elastic, so the accu-
racy was inevitably sacrificed. Then, non-linear mod-
els were proposed to describe the relation between the 
normal force and the radius of the contact area for soft-
finger materials [17,18]. In some research, only soft 
materials such as rubber and silicone were employed 
in experiments instead of human fingers. However, to 
reveal the actual biomechanics of the human fingertip, 
in vivo tests are necessary. After achieving a deeper 
understanding of human fingertip characters, more 
complex models based on the analysis of fingertip vis-
coelasticity were proposed. Johnsson and Balkenius 
proposed a LUCS Haptic Hand together with haptic 
models which employed the self-organizing map 
(SOM) neural network to identify objects’ size and 
softness [19]. Jindrich et al. presented a non-linear vis-
coelastic model to describe the fingertip force-dis-
placement relation and concluded that the non-linear 
model could predict the fingertip force according to 
the fingertip pulp compression during dynamic tap-
ping [20]. Duchemin G. et al. conducted in vivo test 
and proposed a model to reflect the soft finger and the 
underlying tissue’s behaviour and properties, which 
took into account the influence of motion velocity and 
lubrication [21]. 
Additionally, to investigate the microscopic sensing 
process of the human finger, 2D/3D finite element 
(FE) models were established based on the numerical 
models to simulate human finger sensing characteris-
tics. Wu et al. proposed a two-dimensional (2D) struc-
tural fingertip model which could predict the internal 
force distributions within the soft tissue and simulate 
the deflection profiles of a fingertip under a line load, 
a one-point load and a two-point load with a small in-
dentation depth of 1 mm [8]. Three-dimensional (3D) 
models were also proposed under a flat load, a sharp 
wedge [11] and a line load [22]. For example, a 3D FE 
model was developed to predict the temporal force re-
sponse of fingertip under both a line load and a cylin-
der load surface deflection [6]. 
There still exist some problems despite a few 
achievements in the area of fingertip modelling. Most 
biomechanical models of human fingertips were estab-
lished from a microcosmic point of view concerning 
the mechanoreceptors response to external tactile 
stimulation with a small indentation depth less than 3 
mm. Besides, models based on either the anatomical 
structure or the physical characterisations of human 
fingertip inevitably requires numerous assumptions 
and simplifications, which is quite likely to restrict the 
accuracy of theoretical models comparing with statis-
tical models. Additionally, critical subject dependency 
has been observed by various experiments in the 
recognition of fingertip’s biomechanics and contact 
force through skin deformation. 
So far, no research has been conducted yet to ad-
dress the aforementioned issues from an external and 
macroscopic perspective. Thus, this study aims to re-
veal the fingertip behaviour under a higher indentation 
depth with a probabilistic haptics model to highlight 
the subject dependency instead of a deterministic one. 
Specifically, a Gaussian distribution is employed to fit 
the relation between contact force and the indentation 
depth of the human fingertip.  
3. Materials and Method 
This section presents an experimental paradigm to 
test the biomechanics of human fingertip, followed by 
a demonstration of the methods used for the haptics 
model establishment. 
3.1. Experimental setup 
The experimental setup as shown in Fig. 1(a) com-
prised a Finger Tactile Pressure Sensing (FingerTPS) 
system and an indenting test bracket. FingerTPS is a 
commercial system designed to collect high-quality 
data of force/pressure exerted on human hand. It con-
sisted of a calibration force sensor, wearable fingertip 
force sensors, a Chameleon Visualization and Data 
Acquisition Software which collects and displays the 
force data through the interface. In this study, we em-
ployed this system to measure the contact force vary-
ing with the indentation depth on the fingertip in real 
time. The indenting test bracket with a cone-shape 
probe was fixed on the edge of a table and was used to 
press the fingertip to different indentation depths. A 
vertical view of the indenting bracket with the finger-
tip is illustrated as Fig. 1(b). The backboard attached 
to the table side helped to fix the fingertip during the 
experiment. The probe was adjusted by a screw which 
has 7 rounds of adjustable whorls and the screw’s ver-
tical length changed 1 mm per round, so the indenta-
tion depths of the skin deformation could range from 
0 mm to 7 mm. 
3.2. Experimental procedure 
Six subjects (23-31 years old, 2 females and 4 
males) participated in the experiment. The study was 
approved by the local ethical committee and the sub-
jects signed the consent before participation. None of 
them reported any skin or finger injury. 
During the experiment, the subject was comfortably 
seated in an armchair with his/her body-side towards 
the table where the indenting bracket was fixed. Fig. 
1(a) presented the indenting and recording scene of the 
experiment. In preparation, the subject needed to wear 
a fingertip force sensor on their left index fingertip and 
press the finger on the reference sensor for calibration 
according to the instruction of the FingerTPS system. 
Then the subject was asked to put the tested finger into 
the indenting test bracket with the middle point of the 
fingertip pulp directly towards the cone top of the 
screw as shown in Fig. 1(b). Initially, the cone top of 
the screw was adjusted to be detached from the finger-
tip. It should be noted that there would be a tiny but 
measurable force to the fingertip force sensor and be 
observed from the Chameleon Visualization and Data 
Acquisition Software without indentation because of 
the pressure between the sensor and the fingertip. To 
eliminate the interference, the force was firstly set to 
0.0 N as a measurement baseline and maintained 
throughout the experiment of the same subject. After 
then, the subject was reminded to keep the tested fin-
ger as stable as possible to make sure that the indenta-
tions of all the experiment sessions were within the 
same region of the finger pulp to avoid measurement 
error. 
At first, the probe was screwed to lightly touch the 
fingertip but not cause any pressure and deformation, 
which was considered as the starting point of each test 
session. Then, the probe was screwed to indent 0.5 mm 
deeper every time until it reached the max indentation 
depth of 7 mm or the subject reported discomfort, 
which was viewed as one session. During a single ses-
sion, the contact force corresponding to different in-
dentation depths ranging from 0.0 mm to 7.0 mm were 
recorded, so a maximum of 15 values of force were 
recorded in each session. At the end of each session, 
the researcher would screw the probe back to its start-
ing point. To collect enough data to verify the experi-
ment’s repeatability, the indentation tests were re-
peated 20 times on each subject. The duration of the 
whole experiment lasted about 40 minutes and slightly 
varied with individuals. 
3.3. Data recording 
The experiment data collected from subject 1 to 6 
are recorded as shown in Fig. 2. According to the ex-
periment results, the maximum indentation depth that 
all the subjects could endure is 5 mm, so the descrip-
tion and analysis in the following sections will only 
consider the data ranging from 0 mm to 5 mm.  
             
                                                   (a) Data collection system                                                 (b) Vertical view of the indenting bracket 
Fig. 1. Experimental setup for the haptics data collection. 
Taking the data of subject 2 as shown in Fig. 2(b) 
for example, there are 11 measured indentation depth 𝑑 (𝑑=0, 0.5, ..., 4.5, 5 mm), and each of them corre-
sponds to 20 measured contact forces. The contact 
force increases monotonically and non-linearly with 
the indentation depth. The slope becomes bigger dur-
ing the large indentation than the small indentation and 
the turning point appears when the indentation depth 
is around 3 mm, although it is not very obvious. Mean-
while, the data dispersion becomes more obvious with 
the increase of the indentation depth. The data of the 
other five subjects also share the same features---mon-
otonically increasing, non-linear and increasing dis-
persion. Additionally, we can see that the changing 
range and changing speed of the contact force are dif-
ferent among the subjects, although they show a simi-
lar trend. For example, the average contact forces of 
subject 1, 4 and 5 range between 0~2 N, while subject 
2, 3 and 6 show a larger range of about 0~2.5 N. The 
force dispersion of subject 3 and subject 5 is obviously 
larger than that of the other subjects, especially subject 
1 and 6. Thus, the skin conditions of fingertip exactly 
varies with individuals, although there are also several 
fundamental features in common for general human 
skin. 
3.4. Haptics model based on Gaussian distribution 
The haptics model aims to characterise the haptics-
related biomechanics of the human fingertip, which 
can be described by the relation between the contact 
force and the skin deformation. However, a model 
with certain parameter values may not reflect the spe-
cific state and requirement of every subject. Experi-
ence indicates that the data, i.e. the biomechanics of 
the fingertip, varies with individuals, and uncertainty 
exists during skin deformation. Consequently, an indi-
vidual-dependent probabilistic model is expected to 
reflect the individual difference and force variance. 
Comparing with other probability distributions, 
Gaussian distribution is finally chosen to describe the 
force variance due to its several advantages, such as a 
simple mathematical form, fewer parameters and the 
association with the Central Limit Theorem, which 
makes it a good choice in many cases to implement 
[23]. Thus, the proposed haptics model will include a 
force prediction part and an uncertainty description 
part to characterise the fingertip biomechanics under 
physical contact, as shown in Eq. (1). 𝑓 = 𝐹(𝑑)𝑃 = 𝑝(𝑓|𝑑)                                                     (1) 
where, 𝐹(𝑑) = 𝑎+ + 𝑎- cos 𝜔𝑑 + 𝑏- sin(𝜔𝑑)          (2)	𝑝(𝑓|𝑑) = -67∙9:;< ∙ e> ?@AB@AC DEF G< @FHI(G<) JJAJKJ;<  (3)	
where 𝑓 is the most possible contact force under a cer-
tain indentation depth 𝑑 (𝑑>0). 𝑃 is a probability den-
sity distribution of the contact force 𝑓 and the indenta-
tion depth 𝑑. 
In Eq. (2) and Eq. (3), 𝑎+, 𝑎-, 𝑏-, 𝜔, 𝑎 and 𝑏 are 6 
coefficients which need to be fitted. The deriving pro-
cess of the haptics model is demonstrated as below. 
                           (a) Subject 1’s data                                           (b) Subject 2’s data                                             (c) Subject 3’s data 
 
                          (d) Subject 4’s data                                           (e) Subject 5’s data                                             (f) Subject 6’s data 
Fig. 2. 20 sessions of the measured forces at discrete indentation depth ranging from 0 mm to 5 mm on 6 subjects. At different indentation 
depths, the mean forces are depicted as points, and the standard deviations are presented by bars. 
Firstly, the force prediction model 𝐹(𝑑)  aims to 
predict 𝑓 according to 𝑑 . It can be estimated by the 
mean of the measured forces under a certain indenta-
tion depth, as Eq. (4): 𝑓|L = MNONPCQ |L                                                  (4) 
where 𝑛 is the repeated times of the measurements un-
der the same indentation depth 𝑑, and 𝑓S is the force of 
the 𝑖th measurement. 
Then, a continuous model 𝐹(𝑑) can be obtained by 
non-linear regression based on Fourier series model as 
Eq. (2), which is the prediction model of 𝑓. The selec-
tion of the regression model is explained in Section 4. 
A typical fitting performance of 𝑓-	𝑑 is shown in Fig. 
3. 
On the other hand, considering the force variance 
even under the same indentation depth, it is assumed 
that the probability density distribution of the contact 
force 𝑓  at a certain indentation depth 𝑑  follow the 
Gaussian distribution as Eq. (5) due to the skin/force 
uncertainty: 𝑃|L = 𝐺(𝑓) = -67∙V ∙ e> ?@W JJXJ                             (5) 
where 𝜇 and σ are two coefficients of Gaussian distri-
bution, namely its mean and standard deviation. When 𝑑=0, 𝑓 is always equal to 0, so it is not included in this 
distribution model. 
The mean of the measured forces at a certain inden-
tation depth 𝜇|L can be easily estimated according to 
Eq. (4) and Eq. (6). 𝜇|L = 𝑓|L                                                          (6) 
Next, the standard deviation of the measured force 𝜎|L  can be estimated according to Eq. (7), which is 
also analysed in Section 4. 𝜎|L = (MN>\)JONPCQ>- |L                                         (7) 
The exponential model is selected to fit the data, and 
a continuous model of 	𝜎-	𝑑 can be achieved as Eq. (8). 
The selection of exponential model is explained in 
Section 4. A typical fitting performance is shown in 
Fig. 4. 𝜎 = 𝑆(𝑑) = 𝑎 ∙ e^L                                           (8) 
After obtaining the 𝜎|L and 𝜇|L, the force distribu-
tion at a certain indentation depth can be obtained by  
 
Fig. 3. 𝑓-	𝑑 fitting performance based on Fourier series regression. 
 
Fig. 4. 𝜎-	𝑑 fitting performance based on exponential regression. 
introducing them to Eq. (5), and the result is visualized 
as Fig. 5. 
By introducing Eqs. (2) and (8) to Eq. (5), the prob-
ability distribution 𝑝(𝑓|𝑑) can be obtained as shown 
in Eq. (3). Thus far, both parts of the whole haptics 
model are achieved. 
4. Results and application 
This section demonstrates a detailed modelling pro-
cess based on a subject’s experimental data, including 
model training, validation and test. The main evalua-
tion measure of the haptics model is the root mean 
square errors (RMSE) between the actual forces and 
the model’s fitting outputs to evaluate the accuracy 
and precision of the haptics model. Data pre-pro-
cessing was conducted to eliminate outliers. Based on 
the 20 sessions of the collected data, we calculated the 
sum of corresponding forces of each, and the sessions  
 
Fig. 5. Force probability density distribution at discrete indentation 
depths. 
with the highest sum and the lowest sum were ex-
cluded. The rest 18 sessions of data were used for hap-
tics model establishment, which includes training, val-
idation and testing. Nine-fold cross-validation was ap-
plied. Among them, the first 14 sessions of data are 
used for model training, while the following 2 sessions 
for validation and the other 2 sessions for testing. 
4.1. Training 
Taking subject 1’s data for example, the 14 sessions 
of the training data are presented as dots in Fig. 6. To 
predict the most likely force 𝑓  (also the force’s 
mean/expectation) based on the indentation depth 𝑑, 
several common-used regression model: linear model 
(Eq. (9)), Fourier series model (FS, Eq. (10)), Gauss-
ian model (GM, Eq. (11)), quadratic polynomial model 
(PM, Eq. (12)) and exponential model (EM, Eq. (13)) 
were applied to fit the data.  𝑦 = 𝑚 ∙ 𝑥 + 𝑛                                                   (9) 𝑦 = 𝑎+ + 𝑎- cos 𝜔𝑥 + 𝑏- sin(𝜔𝑥)               (10) 𝑦 = 𝑝 ∙ 𝑒> c@de J                                              (11) 𝑦 = 𝑘- ∙ 𝑥6 + 𝑘6 ∙ 𝑥 + 𝑘g                               (12) 𝑦 = 𝑎 ∙ 𝑒^∙h                                                     (13) 
The fitting performance of different regression 
models based on the data of subject 1 were compared 
as curves in Fig. 6 where their respective root mean 
square errors (RMSE) were also displayed. The poly-
nomial model presented the least RMSE, which indi-
cated that it seemed to be the most suitable fitting 
model for subject 1 to predict 𝑓  according to 𝑑 . In 
spite of this, Fourier model was chosen to fit the rela-
tion of 𝑓 − 𝑑. One consideration is that its RMSE is 
           
Fig. 6. Training data of subject 1 and the fitting performance of                     Fig. 7. Fitting performance of experimental force’s standards 
various regression models.                                                                                deviations.   
comparable to that of the polynomial model. Another 
consideration will be further explained in Section 4.2. 
Thus, the first part of the haptics model for the relation 
between 𝑓 and 𝑑 of subject 1 was fitted to be Eq. (14). 𝑓′ = 1.694 + 0.1971 ∙ sin 0.4228𝑑 −										1.673 ∙ cos 0.4228𝑑                             (14) 
Likewise, a suitable model to predict the non-linear 
relation between the standard deviation of force 𝜎 and 
the depths 𝑑  was also selected among the above re-
gression models (Eq. (9), Eq. (10), Eq. (11), Eq. (12), 
Eq. (13)). Their fitting performance with respective 
RMSE was presented in Fig. 7. Considering that expo-
nential model had the smallest RMSE and less coeffi-
cients than other models, it was chosen to describe the 𝜎 − 𝑑  relation. Thus, the prediction model of 𝜎 − 𝑑 
for subject 1 was achieved as Eq. (15). It should be 
noted that when 𝑑=0, the contact force 𝑓 is always 0 
and there is 𝜎=0. Consequently, the probability of 𝑓=0 
at 𝑑 =0 is 100% and the probability density 𝑃|Lu+ 
tends to positive infinite, so it is not necessary to dis-
cuss the probability when 𝑑=0. 𝜎′ = 0.02272 ∙ 𝑒+.gvwwL                                  (15)	
Then, by introducing Eq. (14) and Eq. (15) to Eq. 
(5), a continuous probability density distribution of the 
contact force 𝑓 and indentation depth 𝑑 for subject 1 
were obtained as Eq. (16) and depicted as Fig. 8. 𝑃′ = -+.+xvyB.z{||< ∙								e> ?@C.|}~@B.C}{C∙sin B.~JJ< C.|{z ∙cos B.~JJ< JB.BBC0.7532< (16) 
Above all, the whole haptics model for subject 1 
was achieved as Eq. (17). 
𝑓′ = 1.694 + 0.1971 ∙ sin 0.4228𝑑−1.673 ∙ cos 0.4228𝑑𝑃′ = -+.+xvyB.z{||< ∙				e> ?@C.|}~@B.C}{C sin B.~JJ< C.|{z cos B.~JJ< JB.BBCK0.7532<
 (17)	
 
Fig. 8. Continuous probability density distribution of 𝑓 − 𝑑. 
Similarly, the haptics models for other subjects can 
be obtained in the same way. Table 1 and Table 2 list 
the regression models’ RMSEs based on all the 6 sub-
jects’ experimental data, with the smallest RMSE 
value for each subject marked in bold. The four non-
linear regression models were compared, given the ob-
vious non-linear relation and the largest RMSE of the 
linear the polynomial model as shown in Fig. 6 and Fig. 
15. In Table 1, the Fourier series model outperforms 
the other three models for subject 6, while polynomial 
model presents the least RMSEs for other subjects. In 
spite of this, Fourier series model shows the least 
RMSE on average, and its RMSEs for each subject are 
comparable with the least RMSEs which are fitted by 
polynomial model. In Table 2, the exponential model 
exhibits the least RMSE on most subjects and on aver-
age, which indicates it can be a good choice for 𝜎 −𝑑’s fitting.  
Table 1 
RMSE of different 𝑓-	𝑑 regression models for different subjects 
based on 14 sessions of experimental data 
RMES FS GM PM EM 
Subject 1 0.0896 0.0984 0.0893 0.1222 
Subject 2 0.1253 0.1358 0.1249 0.1759 
Subject 3 0.2503 0.2553 0.2500 0.2971 
Subject 4 0.0805 0.0969 0.0803 0.1420 
Subject 5 0.1466 0.1682 0.1461 0.2064 
Subject 6 0.0616 0.0706 0.0822 0.2110 
Average RMES 0.1257 0.1375 0.1288 0.1924 
Table 2 
RMSE of different 𝜎 − 𝑑 regression models for different subjects 
based on 14 sessions of experimental data 
RMES FS GM PM EM 
Subject 1 0.0139 0.0129 0.0130 0.0128 
Subject 2 0.0238 0.0214 0.0222 0.0203 
Subject 3 0.0294 0.0241 0.0275 0.0241 
Subject 4 0.0189 0.0175 0.0177 0.0165 
Subject 5 0.0470 0.0369 0.0440 0.0348 
Subject 6 0.0144 0.0144 0.0135 0.0151 
Average RMES 0.0246 0.0212 0.0230 0.0206 
4.2. Validation 
Considering the consistency of the fitting perfor-
mance of above regression models on different sub-
jects, it may not be necessary to test various regression 
models for each subject every time. If Fourier series 
model/polynomial model and exponential model keep 
demonstrating good performance on some new data 
for validation, they can be set as the default models to 
fit 𝑓 − 𝑑  and 𝜎 − 𝑑 . Then, there can be a unified 
structure of the haptics model, while only its parame-
ters need to be adjusted according to each subject’s 
condition.  
Another two sessions of data are used for validation. 
To choose a proper regression model among the Fou-
rier series model, Gaussian model, polynomial model 
and an exponential model for the fitting of 𝑓 − 𝑑 and 𝜎 − 𝑑 , RMSE of each model’s fitting performance 𝑓 − 𝑑 based on the validation data of all the 6 subjects 
are presented in Table 3, Table 2 and Table 4 with the 
smallest values marked in bold. Fourier series model 
obtains the least RMSE on the validation data of all the 
subjects, and as mentioned in Section 4.1 it also ob-
tains the least average RMSE on training data. Consid-
ering the consistent and outstanding fitting perfor-
mance, Fourier is selected to fit the relation between 𝑓 
and 𝑑. As for the coefficient 𝜎, it needs to be calcu-
lated based on multiple and enough sessions of data 
instead of one or two sessions. Hence, we decided to 
compare the RMSE of different models based on the 
training data (14 sessions, as Table 2) and all the ex-
perimental data (18 sessions in total, as Table 4). On 
both training and validating data sets, the exponential 
model shows the least average RMSE and presents the 
best fitting performance on 83.3% of subjects among 
all the tested regression models, so it should be the 
most suitable model to fit the relation of 𝜎 − 𝑑. There-
fore, the haptics model for subject 1 is finalized to be 
Eq. (17). Also, a unified structure of the probability-
based haptics model can be decided as Eq. (1).  
Table 3 
RMSE of different 𝑓-	𝑑 regression models for different subjects 
based on 2 sessions of experimental data 
RMES FS GM PM EM 
Subject 1 0.1034 0.1092 0.1034 0.1373 
Subject 2 0.1077 0.1243 0.1077 0.1714 
Subject 3 0.1923 0.2031 0.1928 0.2542 
Subject 4 0.1676 0.1857 0.1676 0.2225 
Subject 5 0.0829 0.1250 0.0829 0.1856 
Subject 6 0.0861 0.0919 0.0943 0.2022 
Average RMES 0.1233 0.1399 0.1248 0.1955 
Table 4 
RMSE of different 𝜎 − 𝑑 regression models for different subjects 
based on 18 sessions of experimental data 
RMES FS GM PM EM 
Subject 1 0.0164 0.0148 0.0153 0.0139 
Subject 2 0.0216 0.0186 0.0202 0.0175 
Subject 3 0.0287 0.0222 0.0269 0.0213 
Subject 4 0.0235 0.0226 0.0220 0.0215 
Subject 5 0.0438 0.0346 0.0410 0.0326 
Subject 6 0.0134 0.0138 0.0126 0.0152 
Average RMES 0.0246 0.0211 0.0230 0.0203 
4.3. Testing 
The rest 2 sessions of data are used for testing by 
comparing the model’s predictive results based on Eq. 
(14) with experimental data. The RMSE of 𝑓 − 𝑑 are 
presented in Table 5. It should be noted that the pre-
dictive model of 𝑃 = 𝑝(𝑓|𝑑) is not tested in this paper, 
because the intermediate coefficient 𝜎 must be based 
on statistical data and cannot be tested by individual 
data.  
Table 5 
RMSE of 𝑓	 and error percentage of 2 sessions of testing data 
 RMES of f f_error% 
Subject 1 0.0710 8.54% 
Subject 2 0.1931 20.13% 
Subject 3 0.1907 18.99% 
Subject 4 0.2008 20.64% 
Subject 5 0.1620 15.23% 
Subject 6 0.0776 6.54% 
Average 0.1492 15.01% 
5. Discussion and future work 
A haptics model based on Gaussian distribution is 
proposed in this study to reflect the relation of force 
and the fingertip deformation depth ranging from 0 
mm to 5 mm during the physical contact process. Ex-
periments are conducted to collect in vivo data for 
analysis from multiple subjects. The results verify the 
non-linearity of the fingertip’s mechanical character-
istics. With the increase of indentation depth, the con-
tact force’s dispersion becomes large and its rising 
speed becomes fast, which may be attributed to the in-
fluence of bone. Based on statistical methods and non-
linear regression models, a force-predictive model and 
a force probability distribution model are derived. 
Both of them form the whole haptics model. Thus, the 
haptics model can not only predict the most possible 
force under a certain contact deformation but also 
cover a reasonable level of force variance, which 
makes it potential to contribute to the optimization of 
robot hand control and hand prosthesis manipulation. 
5.1. Results analysis 
The non-linear increasing slope may be attributed to 
the approach to the bone under the soft tissue of fin-
gertips and the deviation of the contact position when 
the indentation went deeper. It is evident that the more 
the skin is pressed, the more force the bone receives. 
When the skin deformation depth is less than 3 mm, 
the indentation mostly happens in the soft tissue and it 
is little influenced by the bone. When the depth is more 
than 3 mm, the bone will start to undertake the main 
pressure caused by the external contact. Under the 
same indentation increment, the reaction influenced by 
the bone together with the skin becomes much higher 
than that mostly influenced by the pure skin. Thus, the 
rising speed of the contact force increases under larger 
indentation depth when the influence of bone is in-
volved, which also coincides with why the studies on 
microscopic sensing process of human skin usually ex-
periment under a small indentation depth less than 3 
mm. 
The force dispersion may result from a slight devi-
ation of the contact position. On one hand, the force 
dispersion is reasonable in practice, because the con-
tact deviation is inevitable during the experiment. 
Given the experiment including 20 sessions and last-
ing for about 30 minutes for each subject, it is not easy 
to keep their fingers absolutely stable in the same ges-
ture and position, especially under a deep press from 
the probe. When under a large indentation depth, even 
a tiny displacement of the pressing point may lead to a 
noticeable force difference, because the reaction from 
the bone is much stronger than that of the soft tissue. 
Besides, this phenomenon also coincides with the 
practical process of hand manipulation that the contact 
force may not be the same every time even under same 
gestures. On the other hand, the capability of body-
control varies with individuals. Taking the data of sub-
ject 1 and subject 2 for example, the former (Fig. 2(f)) 
shows small dispersion even under large indentation 
depth, while the latter (Fig. 2(c)) shows larger force 
dispersion than others. Despite the individual differ-
ence, the stability of the force data may be improved 
by subject training or by an optimization of the appa-
ratus setup, which may improve the comfort of the ex-
periment process and facilitate body stability. 
The force dispersion cannot be characterised by a 
deterministic model as proposed in previous studies, 
and this phenomenon will further influence the soft-
hand control performance. Thus, it is necessary to in-
troduce an uncertainty element into the characterisa-
tion of fingertip’s biomechanical behaviour. To fill the 
gap, a probability-based haptics model which can 
cover a reasonable level of force variance is estab-
lished in the following section. 
6. Future work 
This paper is a preliminary exploration of the prob-
ability-based haptics model, further research will be 
done in the future. For example, the experimental 
setup and design may be improved to obtain a more 
stable indentation dataset and reduce the number of re-
peated experiment sessions. In this study, 20 sessions 
of gradual indentation ranging from 0 mm to 5 mm 
were conducted on each subject, which easily caused 
fatigue and made subjects unable to keep fingers 
strictly stable. Consequently, a big force dispersion 
under a large indentation depth was observed in this 
study. It may be resulted from the squeeze on bone and 
a slight shift of the contact position during different 
experimental sessions. An optimized design of the ex-
periment apparatus may improve subject’s comfort. 
Moreover, less consumption of data acquisition is de-
sired upon no compromise of recognition accuracy. 
Besides, the probability-based haptics model may be 
further extended to a multi-point model or even a 3D 
“force-deformation surface” model. They are potential 
to be applied in a visual monitored environment for 
force measurement and prediction. Additionally, there 
are 6 coefficients in the haptics model need to be ad-
justed individually, although the model’s structure has 
been unified. It is expected to reduce the number of 
coefficients for model simplification and generaliza-
tion.  
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